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Purpose of the talk

Object: - data analysis

Goals: - analysis of of partially
Gravitational Waves

Method: -

- eversible Jump lViarkov
hain lVionte Carlo ( )
simulations ¢

Outline: Data Analysis, Application, Discussion
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Data Analysis

Bayes’ Theorem

Prior Likelihood
f f
5 I [, Ox
(K, O|D)= pUs); ( ) p( ] %3 _
> ) p(K) (“)}U p(D|K', 6. )de.,

' )

Normalisation

= Data

= number of signals
= parameters of signals + noise
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Data Analysis

Goal: R
- joint posterior p(K,O4D)

- joint posterior p(Bk! |K.D)

Implementation:
- create a Markov chain with
- X to (sampling)

Green, Biometrika 82, 711-732 (1995)

LISA: e.g. Umstaetter et al., PRD 72, 022001 (2006)
MCMC: Cornish & Crowder, PRD 72, 043005 (2005)
MCMC: Cornish & Porter, gr-qc/0605085

LIGO: e.g. Christensen et al., PRD 70, 022001 (2004)
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Data Analysis

Goal: R
- joint posterior p(K,O4D)

- w1 1(0k|KD)
Implementation:
-createa |

(sampling)

0.2

Green, Biometrika 8.°' [

LISA: e.g. Umstaet! [ ]
MCMC:( % 2 )5(2005)
MCMC: Cornish & Porter, gr-qc/0605085

LIGO: e.g. Christensen et al., PRD 70, 022001 (2004)

o] UNIVERSITYOF A. Stroeer — Automatic Bayesian inference — 6 Lisa Symposium 4
# BIRMINGHAM




Data Analysis

Technique:
- sampling
approximate

acceptance new states: o ~ likelihood(x,,,,)/likelihood(x,4)

new)
- for automation

Hastie, PhD thesis (2005)
Atchade/Rosenthal (2003, revised 2005)

“On Adaptive Markov Chain Monte Carlo Algorithms”

- application
Rosenthal (1999) “Parallel computing and Monte Carlo algorithms”
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Application

Data set: - . time domain
- LISA and

Cutler, PRD 57, 7089C (1998)

Signals: -
- Sources for LISA
— 2) Binaries: Black Hole + WD
— 3) EMRI

Goal: -

- joint posterior,
- of degree of overlap
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1) White dwarf binaries Application

Setup:
- (no fdot)
- degree of
- up to = signals
(7+7+7+1)
- observation time
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1) White dwarf binaries

Application

Setup 1

Setup 11

“ES Cet”

DWD “ES Cet” DWD
Tops [sec] 1.55% 107
At [sec] 100
P S0 27 3() 27
match 0.02
T Noise 0.1
A 1.32x107%[4.40x< 107? | 1.30x 1072 [2.74 x 107
f [mHz] 3.23 3.23065 3.23 3.23003
Do [rad] 3.00 3.70 3.00 3.70
On [rad] 0.75 1.93 0.75 0.75
On [rad] 5.15 4.30 5.15 5.15
f1 [rad] 2.21 2.91 2.21 2.21
¢ [rad] 1.25 ().95 1.25 1.25
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1) White dwarf binaries

Application

Setup 1

Setup 11

“ES Cet” | DWD | “ES Cet” | DWD
Tops [sec] 1.55% 107
At [sec] 100
P 80 27 30 27
match 0.02 0.77
T Noise 0.1
A 1.32x107%[4.40x107* | 1.30x 1072 [2.74 x 107
f [mHz] 3.23 3.23065 3.23 3.23003
o [rad] 3.00 3.70 3.00 3.70
On [rad] 0.75 1.93 0.75 .75
on [rad] | 515 4.30 5.15 5.15
fr, [rad] 2.21 2.91 2.21 2.21
¢ [rad] 1.25 .95 1.25 1.25
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1) White dwarf binaries Application

Setup 1 Setup 11

“ES Cet” | DWD | “ES Cet” | DWD
Tops [sec] 1.55% 107
At [sec] 100
P 80 27 30 27
match 0.02 0.77
TN oise 0.1
A 1.32x107%[4.40x< 107? | 1.30x 1072 [2.74 x 107
f [mHz] 3.23 3.23065 3.23 3.23003
D [1‘;1.{1] 3.00 3.70 3.00 3.70
O [rad] 0.75 1.93 0.75 0.75
On [rad] 5.15 4.30 5.15 5.15
5, [1‘:-1{1] 2.21 2.91 2.21 2.21
D1 [1‘;1.{1] 1.25 .95 1.25 1.25
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1) White dwarf binaries Application

Result: of signals
Match 0.02 0.77
=1 0.3 % 0.0 %
K=3 0.0 % 32.7 %
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1) White dwarf binaries Application

Result: of signals

Result: level

5 2000
Q. -
O 1

'IIIII1'

0.0995 0.1 0.1005
On
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1) White dwarf binaries Application

Result: of signals

Result: level

Result: by
Fisher Information Matrix

Result:
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1) White dwarf binaries Application

108 | | |
5x107
0

llIl‘_I_LI_LLl_L

] | \\:
3.22998  3.23
f [mHz] 40

Y 20
“ES Cet”: match 0.02 0
0.7 0.75 0.8

hgo:_llllllllllllllllllll_iﬂ ﬂN[rad]
2 10 & =
0 = et 1 —-|—|-i

0.05 5.1 5.15 5.2
¢y [rad]
J UNIVERSITYO! A. Stroeer — Automatic Bayesian inference — 6" Lisa Symposium 14

_-% BIRMINGHAM



1) White dwarf binaries Application

Result: of signals

Result: level

Result: by
Fisher Information Matrix

Result:

Result: in case of
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1) White dwarf binaries Application

0.01 0.015
Ac T rrrr[rrrrprorrl
S 2
o,
11 ”, 0
ES Cet”: match 0.02 1 5 o o 5 3
Y, [rad]
= 1
Q.
0 ——
0 2 4 6
¢, [rad]
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1) White dwarf binaries Application

Result: of signals
Result: level
Result: with respect of

Fisher information matrix

Result:
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1) White dwarf binaries Application

108 & 3
5x107 - E
0 Ee—b——r—1", =
3.2299 3.23
f [mHz] _ 40 Er oI
g0 f
“ES Cet”: match 0.77 0 & - -

0.4 0506 0.70.8

| 20 L DL L 1_: 191\] [rad]
O N |
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1) White dwarf binaries Application

Result: of signals
Result: level
Result: with respect of

Fisher information matrix
Result:

Result: and
parameter measurement
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1) White dwarf binaries Application

200 II|IIIII
100

III|IIII|I'I'

0.01 0.02 0.03
A

C

¢, [rad]
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2) Black hole and white dwarf binaries __Application

15':":' I T T | T T T I

MBHB:

(Newtonian)
DWD:

(no fdot) e

piM, )

#

300

T =

obs

Result:
of signals o

Wickham, Stroeer &
Vecchio, gr-qc/0605071
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3) Extreme mass ratio inspirals Application

EMRlecelWA 2 noHighOrder 40000 datapoints, At=10sec

EMRI: 60 & | —
- Simplified g
Barack & Cutler 04 : _- 0 bl 1 ]
_ 0.19899 0.2 0.48 0.5 .02
B e—0.2 el inc
Tobs =

tuned w = 103 Jf:

all | |I I|III|1'

—II| I|II|II|-|'

:II'|I'||III|-|-

L B L R < A @)

hd bH4 BH.bH
¥

. 15 I rrrt LI I - ']
Result: o : 0.6 F E
' - . 0.4 F ]
of signal - - _
o : 0.2 ¢ E
D B 11 1 |EI | I_ G _—I-I :! | 1 11 I 111 111 | -l:
. . 2.0 2.6 2.7 2.8 595 6 65 7 7.0
In collaboration with s R ?
. 1.
J. Gair
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Discussion

Advantage:

- approach (user friendly)

- signal structures / data

- approach (# signals not set)
Problems:
Way forward:
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End of talk
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Discussion

EMRI simplification:

. “We use only the lowest order term in each
of the imposed precessions and in the evolution of
v/e, and expand the orbit to fourth order in

eccentricity” (email contact)
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Discussion

Bias / Offset:

100000 draws using AIMH 100000 draws using MH
= _ .
o =
o - o
g o 7 g o 7
. ]
I I I I 1 I | | |
0 2 4 G a 0 2 4 G g
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